Summary: Alternative polyadenylation (APA) is now emerging as a widespread mechanism modulated tissue-specifically, which highlights the need to define tissue-specific poly(A) sites for profiling APA dynamics across tissues. We have developed an R package called TSAPA based on the machine learning model for identifying tissue-specific poly(A) sites in plants. A feature space including more than 200 features was assembled to specifically characterize poly(A) sites in plants. The classification model in TSAPA can be customized by selecting desirable features or classifiers. TSAPA is also capable of predicting tissue-specific poly(A) sites in unannotated intergenic regions. TSAPA will be a valuable addition to the community for studying dynamics of APA in plants. Availability and implementation: https://github.com/BMILAB/TSAPA
Introduction
Alternative polyadenylation (APA) contributes to the transcriptome complexity by generating diverse mRNA isoforms and provides an important layer in regulating gene expression (Tian and Graber, 2012; Wu and Bartel, 2017) . APA has been shown to be tissuespecifically modulated in various species (Fu et al., 2016; Hwang et al., 2013; Miura et al., 2013) . Characterization of tissue-specific poly(A) sites (hereinafter referred to as tsPAs) would contribute to deciphering the molecular basis of tissue-specific gene expression, development and function. Although a number of techniques based on 3 0 sequencing have been developed for identifying poly(A) sites in various tissues [reviewed in Ji et al. (2015) ], they are costly and technically demanding. Till now, APA sites from different individual tissues are only available for a limited number of species, such as human (Lianoglou et al., 2013) and mouse (Miura et al., 2013) . Resources in plants are even scarce; APA sites from 14 tissues in rice were released recently (Fu et al., 2016) . Accumulating APA sites from diverse tissues provide opportunities but also challenges to computationally identify tissue-specific APA sites. Previously, numerous computational tools have been proposed to predict poly(A) sites [reviewed in Ji et al. (2015) ], which are mainly based on sequence features. However, the sequence alone is not sufficient to account for poly(A) site selection. For example, mRNA 3 0 end structures may also lead to efficient polyadenylation (Wu and Bartel, 2017) ; the distance between APA sites is another significant feature for locating poly(A) sites (Weng et al., 2016) . Moreover, these approaches were performed on poly(A) sites drawn from a broad range of tissues, which would probably result in an average pattern that favors the strongest or common poly(A) signals.
Recently, a method called poly(A) code was proposed to predict tsPAs in human (Weng et al., 2016) . However, this approach was intended for human poly(A) sites and no generic tool was provided. Poly(A) signals in mammals are more explicit than those in plants; the dominant signal AAUAAA and its 1 nt variants were found in 90% of mammalian poly(A) sites while no strong consensus sequence can be found near plant poly(A) sites (Tian and Graber, 2012) . Therefore, easy-to-use tools that incorporate additional features are necessary for predicting tsPAs in plants.
We have developed an R package called TSAPA based on the machine learning model for identifying tsPAs in plants. TSAPA enables users to customize the classification model by selecting desirable features or classifiers. TSAPA is also capable of predicting intergenic tsPAs, which contributes to the exploration of tissuespecific polyadenylation or transcription in previously overlooked regions. TSAPA will be a valuable addition to the community for profiling dynamics of APA in plants.
Implementation
First, tissue-specific and constitutive ploy(A) sites (hereinafter referred to as csPAs) were identified based on the information entropy as training and test datasets. Next, a feature space including more than 200 features was assembled ( Supplementary Fig. S1 and Supplementary Table S1 ). Specifically, several feature representation methods were adopted to depict sequence features of poly(A) sites, including K-gram, Z-curve, first-order heterogeneous Markov model (FHMM) and position weight matrix (PWM). The SVM-RFE (support vector machine based on recursive feature elimination) algorithm was utilized to select the most informative k-grams. Several other features important for poly(A) site selection were also integrated, including the RNA secondary structure, nucleosome occupancy, conservation score and APA context. Features can be ranked by their prediction accuracies or by using several integrated feature selection methods, which enables selecting effective features to reduce redundancy. Based on the assembled feature space, we built the supervised classification model to predict tsPAs. Three widely used classification methods, including SVM, random forests (RF) and adaptive boosting (AdaBoost), were compared.
The entire pipeline has been implemented in the TSAPA package, which consists of five main modules ( Supplementary Fig. S2 ). (i) Given the list of poly(A) sites in different tissues, tsPAs and csPAs can be identified using information entropy. (ii) A generic model for rice has been trained and integrated in TSAPA, which can be directly applied to predict tsPAs from any new rice data without additional inputs. (iii) Features and classifiers can be ranked specifically for any given datasets, which enables users to customize the classification model by selecting desirable features or classifiers for model training on their own data. (iv) Given a list of poly(A) sites and genome annotations of new species, TSAPA is capable of predicting tsPAs for species other than rice. (v) TSAPA can also be used to identify and predict tsPAs in unannotated intergenic regions, which is a useful function to explore additional information regarding tissue-specific transcription or polyadenylation in unannotated or previously overlooked regions. More details about the implementation and use of TSAPA are described in Supplementary Material and Additional File 1.
Results
Poly(A) sites from 14 tissues of Oryza sativa japonica (Fu et al., 2016) were used in this study. First, 2187 csPAs and 2083 tsPAs were identified (Supplementary Table S2 ). Apparently, tsPAs are specifically expressed in one or a few tissues, whereas csPAs are ubiquitously expressed in all tissues ( Supplementary Fig. S3a and b) .
Particularly, tissues of mature pollen and root 60 days have more tsPAs than other tissues ( Supplementary Fig. S3c and Supplementary  Table S3 ). Based on the assembled feature space, we developed machine learning models to distinguish tsPAs and csPAs. Using the mixed dataset, AdaBoost-based model performed the best, followed by the RF-based model and the SVM-based model performed the worst (Supplementary Table S4 and Supplementary Fig. S4 ). We then chose AdaBoost for further analysis. Next, we predicted tsPAs in individual tissues. We first applied the above AdaBoost-based generic model on each tissue. The performance on individual tissues using the generic model was varied across tissues (66-79%) and relatively worse than that on the mixed dataset (80%) (Fig. 1a) . This is not surprising because different tissues may possess distinct features that may be neglected by the generic model. Alternatively, we trained an individual model for each tissue (see Supplementary Material). The prediction accuracy using individual model (88-94%) was much better than that using the generic model (Fig. 1b) . Among the five tissues investigated, the prediction accuracy of mature pollen is relatively lower (88%) than other tissues. The previous study found distinct APA pattern in mature pollen (Fu et al., 2016) , which may be attributed to the expression change of two poly(A) factors, FY and CPSF30. Incorporating additional features regarding poly(A) factors in the future may contribute to higher prediction accuracy for some tissues.
To obtain key features for distinguishing tsPAs and csPAs in plants, we built models using individual feature groups to quantify the importance of each feature. The most powerful features for identifying tsPAs are APA context, conservation score and K-gram (Fig. 1c) . Particularly, another two features, PWM and FHMM, that have relatively low contribution for the mixed dataset, became top features for tissues of mature pollen and/or root 60 days. This result emphasized the importance of integrating different feature representation methods for characterizing sequence features in different tissues. Generally, the K-gram appears to be the most important feature. Surprisingly, the canonical poly(A) signal, AAUAAA, is absent in the list of top k-grams (Supplementary Table S5 ), indicating that despite of its importance, AAUAAA may be equally but not discriminatively used in selecting tsPAs or csPAs. In addition to Table S6 ) and APA context, show comparable importance. The previous study on human (Weng et al., 2016) revealed that APA context is the most effective feature for defining tsPAs. We also observed significant differences of APA context between tsPAs and csPAs in some aspects. For instance, the distance to the 5 0 closest APA sites in the csPA group is much greater than the tsPA group ( Supplementary Fig.  S5a) ; tsPAs are more likely from APA genes ( Supplementary Fig.  S5b) ; significantly more csPAs are located in 3 0 UTRs ( Supplementary Fig. S5c ). However, in contrast to the greatest importance of APA context in mammals, our results suggested that APA context shows similar or even lower contribution than features like K-gram or conservation score (Fig. 1c) . This may be due to the significantly different characteristics of poly(A) sites between mammals and plants. Therefore, features that are useful for defining tsPAs in mammals might not be equally important for plants and distinct features should be employed specially for characterizing plant poly(A) sites. Next, we examined differences in features between root 60 days and mature pollen and observed some significant differences. For example, significantly higher fraction of tsPAs in root 60 days (63.76%, 176/276) than in mature pollen (33.57%, 189/563) are from genes with a single poly(A) site (Chi-squared test, P-value ¼ 6.296e-07), indicating that genes with poly(A) sites specific to mature pollen are more likely APA genes. Moreover, the percentage of the dominant hexamer AATAAA of tsPAs is much higher in root 60 days (18.84%, 52/276) than in mature pollen (4%, 23/ 563) (Chi-squared test, P-value ¼ 6.521e-10). In addition, differences of scores of nucleosome occupancy and RNA secondary structure were also observed between these two tissues ( Supplementary  Fig. S6 ). However, not all features are significantly different between tissues. It is probable that some poly(A) sites are highly specific to both tissues rather than just one tissue, consequently, the combination of features rather than a single feature may be more distinguishable for some tsPAs between tissues. In the future, we will try to address this issue by considering the linear or non-linear relationship among features or exploring additional features that are essential for poly(A) site selection.
Next, we attempted to distinguish intergenic tsPAs and csPAs. For model training and test, 1252 tsPAs and 1260 csPAs in intergenic regions were identified, respectively (Supplementary Table  S7 ). We compared the prediction result from intergenic tsPAs with that from 3 0 UTR tsPAs (Supplementary Table S8 ). The performance using all features on the 3 0 UTR dataset (78.7%) is significantly higher than that on the intergenic dataset (72.1%) (Fig. 1d) , which is expected because one key feature, APA context, is not available for intergenic poly(A) sites. However, the prediction accuracy on intergenic tsPAs using each individual feature is also lower than that on 3 0 UTR tsPAs. This may be explained by the following reasons.
First, although we have discarded lowly expressed intergenic poly(A) sites, there might be false sites. Second, intergenic poly(A) sites are far less conserved than 3 0 UTR ones and are still poorly understood (Wu et al., 2015) . Third, the fact that intergenic poly(A) sites may be originated from 3 0 UTR extensions or antisense transcription also complicates the identification of intergenic tsPAs. Additional work will be carried out in the future to address these issues.
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